Abstract. In this paper, we propose a novel bidding prediction algorithm based on the hybrid GA (Genetic Algorithm) and BP (Back Propagation) model for contract logistics of road freight transportation. Seven factors of GDP, fuel price, market requirement, cargo weight, transportation distance, carrier, and truck specification are concerned as the major factors. According to the nonlinear nature of transportation cost and carriers' psychological price, the BP neural network is applied to fit the nonlinear features. By training the dataset, GA is good at predicting the short-term bidding prices. In addition, genetic algorithm is integrated into the GA model to improve the long-term searching performance. The hybrid GA-BP algorithm is experimented to be of a good predictor. This study gives implication to 3PL providers that mining previous records with artificial intelligent algorithm is effective and feasible in road freight transportation bidding managements.
addition, carbon emission causing air pollution toll [15] , government subsidy [16] , and zone pricing tactical decision [17] are also influence the road freight transportation pricing.
Auction bidding is the competitive pricing mechanism. Kuyzu [18] formulated a stochastic bid price optimization model aimed at maximizing the carrier's expected profit to study the bidding strategies for carriers participating in simultaneous independent single auctions. Triki [19] also developed a probabilistic optimization model, integrating the bid generation and pricing problems together with the routing of the carrier's fleet. Song [20] examined computationally tractable approximation methods for estimating bid values and constructing bids. Hou [21] founds that online bidding is affected by the number of bids in an auction, and thus indirectly influence the final deal prices. However, the models from these studies are not practical. In this study, we propose a practical non-linear model for bidding decision.
Major Factors Analysis
There are three categories of factors affecting the cost of road freight transportation. That is, macroeconomic factors, market factors, and operation-related factors.
Macroeconomic factors include national economic state and fuel price. The demands of road freight transportation are positively relates to the developing level of the country's economy. The growth of manufacture and consumption boost the requirement of road freight transportation and leverage the price. In general, Gross Domestic Product (GDP) is always used to reflect the national economic state. On the other side, the fluctuation of international crude oil price also influences the price of diesel, the dominant fuel type of freight trucks.
Market factors are mainly influenced by seasonal and periodic fluctuation and other impulsive promotions, such as Alibaba's "Double 11" Online Shopping Festivals and Jingdong June 18th Shopping Festivals.
Operation-related factors include cargo specifications, truck specifications, routes, and carriers. Cargo specifications, such as weight, volume, package, loading-unloading requirements, transportation requirements, and other specific constraints, are the primary dimensions of cost estimation. Truck specifications, such as length, carriage structure, determine the costs of fuel consumption, truck depreciation, and tolls. The route factors include origin-destination city, road condition, and distance. At last, carriers, actual outsourcing contractors themselves, affect the costs directly. The bigger is the scale of carrier; the lower is the cost.
In summary, we choose 7 influence factors: GDP, fuel price (FP), market requirement (MR), cargo weight (CW), transportation distance (TD), carrier (CR), and truck specification (TS).
The GA-BP Based Bidding Prediction Algorithm for Contract Logistics
However, the bidding of contract logistics is a complex problem. The determining factors interact each other. BP algorithm is the typical nonlinear regression approaches. BP algorithm has three advantages: self-learning, association storage, and optimized solving with high efficiency. In addition, we choose the three-layer structure with 7 input neurons, 15 hidden neurons, and 1 output neuron (Fig. 1) . We choose the Levenberg-Marquardt (LM) [23] approach as the training algorithm. The flowchart of the BP training approach is as follows:
Step (1): Initialize the maximum training counts and error stop conditions.
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Step (2) Step (3): Calculate the errors of each layers backwards. Go back to
Step (2) and train all the data in the training dataset.
Step (4): Adjust the weights with the formulas as follows:
where Q is the learning rate.
Step (5): Iterate Step (2) to (5) till for each training vector the following inequality is satisfied:
t denotes the output vector of the output layer, and  is a given error criteria. At last, put the test dataset into the trained BP network and obtain the predictors. However, BP algorithm also has four disadvantages: easily being trapped into local optimums, slowly converging, experience-based parameter setting, and initial weights influencing.
The hybrid GA-BP algorithm
Genetic Algorithm (GA) is a good candidate to avoid the BP algorithm's disadvantage. GA has a global searching strategy by a random walk. From the population, GA searches the solution space in parallel. By the method of inheritance, GA filters the individuals. GA is not limited with the differentiability and continuity of the function. Therefore, our GA-BP model combines the advantages of two algorithms. The flowchart of GA-BP model is presented in Figure 2 . 
Experiments and Concluding Remarks
We compare GA-BP algorithm with two types of products: cable products and household appliances. We use the training dataset to train the BP neural network and use the test dataset to verify the correction of the output. After 50 generations, the GA-BP algorithm presents convergence in Figure  3 . In order to show the performance of our GA-BP algorithm, we use household appliances as example to compare the iterating insensitivity. We settle the training goal as 0.01. The error curves of first 300 iterations in BP and GA-BP algorithms are plotted in Fig. 5 . By comparing these two curves, we find that GA-BP algorithm converges faster than BP algorithm with the smaller error. Therefore, we can draw the conclusion that our GA-BP algorithm has a better performance in bid predicting. At last, the comparisons of performance for both cable products and household appliances are listed in Table 1 . Therefore, we can draw the conclusion that our GA-BP algorithm has a better prediction for the transportation bidding.
It is important to predict the bid prices for the 3PL company. According to the nonlinear nature of transportation cost and carriers' psychological price, the GA-BP algorithm proves to have good performance in predicting short-term and long-term bidding prices. The proposed algorithm is effective and feasible in road freight transportation bidding managements. 
